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Abstract: Species ecological envelope maps were obtained for the two main Portuguese
wood-production species (Eucalyptus globulus Labill. and Pinus pinaster Aiton) and projected future
climate change scenarios. A machine learning approach was used to understand the most influential
environmental variables that may explain current species distribution and productivity. Background
and Objectives: The aims of the study were: (1) to map species potential suitability areas using
ecological envelopes in the present and to project them in the future under climate change scenarios;
(2) to map species current distributions; (3) to map species current productivity; and (4) to explore the
most influential environmental variables on species current distribution and productivity. Materials
and Methods: Climate, elevation data, and soil data sets were used to obtain present and future species
ecological envelopes under two climate change scenarios. The official land cover maps were used
to map species distributions. Forest inventory data were used to map the species productivity by
geostatistical techniques. A Bayesian machine learning approach, supported by species distributions
and productivity data, was used to explore the most influential environmental variables on species
distribution and productivity and to validate species ecological envelopes. Results: The species
ecological envelope methodology was found to be robust. Species’ ecological envelopes showed
a high potential for both species’ afforestation. In the future, a decrease in the country’s area
potentiality was forecasted for both species. The distribution of maritime pine was found to be mainly
determined by precipitation-related variables, but the elevation and temperature-related variables
were very important to differentiate species productivity. For eucalypts, species distribution was
mainly explained by temperature-related variables, as well as the species productivity. Conclusions:
These findings are key to support recommendations for future afforestation and will bring value to
policy-makers and environmental authorities in policy formulation under climate change scenarios.
Forests 2020, 11, 880; doi:10.3390/f11080880 www.mdpi.com/journal/forests
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1. Introduction
In the last decade of the 20th century, the successive breaking of high-temperature records
at a global scale, together with a large set of climate change scenarios publications have built up
strong warnings that climate change is occurring at a fast pace [1]. The climate change scenarios
for Portugal in the 21st century suggest a substantial increase in the mean air temperature all over
the country (between 2.5 ◦C and 4 ◦C), but especially in summer and inland [1–3]. This warming is
stronger for maximum temperatures than for minimum temperatures, implying an increase in the
diurnal temperature range [1–3]. The land–sea thermal gradient will also significantly increase [1–3].
All temperature-related climate indices show dramatic increases in climate change scenarios [1–3].
Increases are very large in some indices, like the number of hot days (maximum temperature above
35 ◦C) and tropical nights (minimum temperature above 20 ◦C), while large decreases are found
for indices related to cold weather (e.g., frost days, with minimum temperature below 0 ◦C) [1–3].
Regarding precipitation, climate uncertainty in the future will increase [1–3]. However, almost all
models anticipate reductions in mean precipitation and the duration of the rainy season [1–3]. However,
an increase in winter precipitation, due to heavy daily precipitation events (above 10 mm day−1),
accompanied by a larger decrease in precipitation in the other seasons is projected by a regional
model [1–3]. Additionally, climate change models indicate the increase in extreme events (floods,
storms, droughts, and heatwaves) [1–3].
Climate change will have a great impact on plants, as climate (temperature and precipitation)
determines the growth and survival of plants, as well as their geographic distribution [4]. These variables
seasonal variation is of utmost importance in the Mediterranean region, such as Portugal [4]. During
the rainy season (winter and early spring), low temperature is a severe limitation to plant productivity,
on the other hand, when the temperature is higher, the low precipitation induces dryness which affects
productivity [4]. Species tolerance depends on the conditions of their genetic adaptation and plasticity
potential, varying from species to species [4]. Forest species vulnerability to climate is greater during
the juvenile phase, when the root system is not yet fully developed, limiting water absorption capacity,
and during the reproductive phase, that requires favorable environmental conditions to allow for
massive seed production [4]. The adult trees have greater tolerance to unfavorable periods due to the
stored reserves and the greater extension of their roots [4]. Regarding the impact of biotic agents on
species, such as the incidence of pests and diseases, changes in temperature and precipitation will also
affect the survival, dispersion, and distribution of those pathogens [4]. Additionally, changes in plant
susceptibility may also occur due to stress affecting the existent native and exotic species’ survival and
exotic species invasion [4]. Abiotic agents, such as fire, are also highly related to climate, particularly
to the seasonality of precipitation (e.g., higher burned area for intermediate precipitation, as lower
values result in lower fuel loads and higher values result in higher soil and fuel moisture contents) [4].
In Portugal, according to the National Forest Inventory (NFI) data, during the 20th century, the
forest area has increased considerably from 7% in 1875 to 33% in 1965 and has reached to 39% in
2005 (3.5 million ha) [5–10]. From 1938 to 1977, under the Portuguese afforestation plan (290,673 ha),
the pioneer species maritime pine (P. pinaster) was extensively used in dunes and mountain areas
afforestation for protection and production reasons [5–10]. However, throughout 1965–1983 under the
private afforestation policy that supported 50% of installation costs (126,934 ha), the exotic eucalypts
species was favored to respond to the need for Portuguese pulp industry wood supply [5–10]. As
a result, although maritime pine has been the most widespread species until 2005, the eucalypts
are presently the most abundant species (26%; 811,943 ha) followed by cork oak (Quercus suber L.;
23%; 736,775 ha), maritime pine (23%; 714,445 ha), and holm oak (Quercus rotundifolia Lam.; 11%;
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331,179 ha) [11]. E. globulus is the most common eucalypts forest species (95%) [10]. Maritime pine and
eucalypts forests provide most of the wood harvested in Portugal used mainly as raw materials for the
wood-based industry [12].
In the past years, the impact of climate change on current and/or potential species distribution and
productivity has been studied based on several approaches either by simulation using process-based
models (e.g., both -PG2S and GOTILWA+ models are based on physiological processes for predicting
growth) and empirical models (e.g., both Globulus 2.1. and Pinaster-tree models include equations
to predict species productivity) that have as input climate data [13] which allows making future
projections under climate change scenarios [4,14]. More recently, statistical models such as Classical
Regression Models (CRM), Generalized Linear Models (GLM), algorithmic modeling based on Machine
Learning (ML; e.g., Bayesian Networks (BNs), Maximum Entropy (MaxENT)), Classification and
Regression Trees (CART)) have become increasingly popular [15]. For instance, these statistical
modeling techniques were used to predict current and future suitable habitat and productivity for
maritime pine populations in Spain [16], the impact of climate change on the potential distribution of
Mediterranean pines [17], and the current and future conflicts between eucalypt plantations and high
biodiversity areas in the Iberian Peninsula [18].
The climate change’s main impacts on the potential distribution of the main Portuguese forest
species, at the end of the 21st century, have been studied by several authors [4,19]. Pereira et al. [4]
assessed the potential productivity of eucalypts, maritime pine, and cork oak forests, using the
process-based model GOTILWA+, for current and one climate change scenario. Costa et al. [19] used a
bioclimatic approach (aridity and thermicity indices) to generate a new composite index to overlap
with the species current ranges and for two climate change scenarios (Representative Concentration
Pathways scenarios, RCP 4.5 and RCP 8.5, where the numbers refer to the radiative forcing (Wm−2) [20]).
Ribeiro et al. [21] have used a bioclimatic modeling approach to study the influence of environmental
variables explaining the presence of a typically adapted species to the Mediterranean region in Portugal
for two climate change scenarios (RCP 4.5 and RCP 8.5).
The Portuguese forest species’ productive potential maps, for the present and the future climate
change scenarios (RCP 4.5 and RCP 8.5), are published in the Portuguese Forest Management Regional
Plans [22] for the seven country’s regions. However, different methodological approaches were used
for each one of these regions to map forest species’ productive potential (e.g., using ecological–cultural
characteristics and/or edaphic–climatic characteristics, or bioclimatic indices or productivity estimation),
thus no methodological consistency exists considering all the country. The species’ potential area
mapping has also been essayed in several other studies [23–25]. However, none of these methods have
been validated and/or their accuracy evaluated.
The species ecological envelopes proposed by DGRF (Direção Geral dos Recursos Florestais) [26],
based on the species distribution information obtained in the literature [27], is a very simple and
straightforward methodology to be used. Thus, in this study, this methodology was essayed to map
species potential areas for the two main Portuguese wood-production species (E. globulus and P. pinaster),
and after, projected the future under climate change scenarios. The species ecological envelopes
methodology was validated with species distribution data and inventory data. Thus, the aims of this
study were: (1) to map species ecological envelopes in the present and to project them in the future
under two climate change scenarios; (2) to map species distributions; (3) to map species productivity;
and (4) to explore the most influential variables on species distribution and productivity.
To that end, the climate data sets (1960–1990 and 1970–2000), elevation data, and soil data were
used to obtain present species ecological envelopes and to project them in the future (2050 and 2070)
under two climate change scenarios. The official land cover/land use maps (1995 and 2015) were
used to map species distributions. Forest inventory data (1990–1994) was used to map the species
productivity by geostatistical techniques. These two maps were later used to validate species ecological
envelopes. A machine learning approach, supported by species distributions data and productivity
data, was then used to explore the most influential environmental variables on species distribution
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and productivity and to validate species ecological envelopes. It is expected that understanding which
environmental variables have a higher impact on these two-species distributions and productivity will
help to support key recommendations for future afforestation and will bring value to policy-makers
and environmental authorities in policy formulation under climate change scenarios.
2. Materials and Methods
2.1. Data
2.1.1. Environmental Data—Climate, Topography, and Soil
The climate data sets (Table 1) for the periods 1960–1990 and 1970–2000 were downloaded from the
WorldClim site version 4.1 (downscaled the General Circulation Model (GCM) built on the Community
Climate System Model, United States of America version 4 (CCSM4)) from CMIP5 (Coupled Model
Intercomparison Project) [28] in a grid of 1 km × 1 km [29]. To predict climate future conditions,
the RCP 4.5 and RCP 8.5 climate change scenarios [20] were considered, fitted for two future time slices
(2050 and 2070), as they cover a wide range of anthropogenic driving. The 19 BIOCLIM variables [30]
available from the WorldClim website were used in this study.
Table 1. Climatic, topographic, and soil variables.
Variable Units Description
T max ◦C 10−1 Monthly average maximum temperature
T min ◦C 10−1 Monthly average minimum temperature
BIO1 ◦C 10−1 Annual mean temperature
BIO2 ◦C 10−1 Mean diurnal range (mean of monthly (max temp–min temp))
BIO3 % Isothermality BIO3 = 100.BIO2.BIO7−1
BIO4 % Temperature seasonality (standard deviation * 100)
BIO5 ◦C 10−1 Maximum temperature of the warmest month
T max Aug ◦C 10−1 Maximum temperature in August
BIO6 ◦C 10−1 Minimum temperature of the coldest month (i.e., winter frost)
T min Jan ◦C 10−1 Minimum temperature in January
BIO7 ◦C 10−1 Temperature annual range BIO7 = BIO5− BIO6
BIO8 ◦C 10−1 Mean temperature of the wettest quarter
BIO9 ◦C 10−1 Mean temperature of the driest quarter
BIO10 ◦C 10−1 Mean temperature of the warmest quarter
BIO11 ◦C 10−1 Mean temperature of the coldest quarter
BIO12 mm Annual precipitation
BIO13 mm Precipitation of the wettest month
BIO14 mm Precipitation of the driest month
BIO15 % Precipitation seasonality (coefficient of variation)
BIO16 mm Precipitation of the wettest quarter
BIO17 mm Precipitation of the driest quarter
BIO18 mm Precipitation of the warmest quarter
BIO19 mm Precipitation of the coldest quarter
E m Elevation—The vertical distance measured between a point and a datum (areference surface) which is usually the mean sea level (MSL)
S % Slope—The rate of change of elevation for each digital elevation model(DEM) cell (i.e., the first derivative of a DEM)
A ◦
Aspect—The orientation of slope measured clockwise in degrees from 0 to
360, where 0 is north-facing, 90 is east-facing, 180 is south-facing, and 270 is
west-facing.
WRBFU Soil codes from the international soil classification system for naming soilsand creating legends for soil maps
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The elevation data (Table 1) was derived from the SRTM (Shuttle Radar Topography Mission)
with a spatial resolution of 30 m [31]. The soil data (Table 1) were derived from the ESDBv2 Raster
Library in a grid of 1 km × 1 km [32–34].
2.1.2. Species Forests Cover (1995 and 2015)
To obtain maritime pine and eucalypts forests cover, the national reference thematic map for
Land Cover and Land Use (LCLU) in Portugal named as COS (Carta de Ocupação do Solo) for 1995
(COS1995) and 2015 (COS2015) were used [35]. The COS maps have a scale of 1:25,000, one ha of the
minimum cartographic unit, a five-level hierarchical classification with 89 (COS1995) and 48 (COS2015)
classes in the most detailed level, available through Web Feature Services (WFS) [36], allowed a detailed
analysis regarding these species’ forests cover (Figure 1). To that end, the COS1995 legend was first
harmonized concerning the COS2015 legend. In this analysis, only pure forests of the species were
considered (i.e., forests where the dominant species represents more than 75% of the total number of
trees and the ground cover is higher than 10%) as they represent more than 80% of these species’ types
of occupation [36,37].
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Figure 1. Study area—Forest cover in 1995 (COS1995) and 2015 (COS2015): (a) Maritime pine (Pb);
(b) Eucalypts (Ec).
2.1.3. Species Forest Inventory (1990–1994)
The National Forest Inventory data in 1990–1994 (NFI4) regarding the plots measured in pure
stands (i.e., forests where the dominant species represents more than 75% of the total number of trees
and the ground cover is higher than 10% [36,37]) of maritime pine and eucalypts were used to estimate
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these species productivities (Figure 2). The two-species stands characterization based on the NFI4
plots collected data [38] are synthesized in Table 2.
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In Portugal, maritime pine stands are mainly established by natural regeneration and managed in
medium to long revolutions (e.g., more than 35 years) [11,37,39]. Eucalypts stands are installed
by plantation and commonly managed throughout three rotations of short harvesting cycles
(e.g., 10–12-year coppices) [8,40].
2.2. Methods
2.2.1. Species Ecological Envelopes Maps
The distribution of maritime pine in Portugal (Figure 1a) corresponds to a coastal strip that extends
from the Sado and the Tejo rivers basins to the Minho river basin, penetrating in the north and center
inland up to elevations of 700–900 m, preferably in the southwest to north-facing slopes where the
Atlantic influence is still felt. Its climatic optimum corresponds broadly to an average temperature
between 13 and 15 ◦C, an average temperature of the coldest month between 8 and 10 ◦C, and average
annual precipitation between 500 mm and 1200–1400 mm. Regarding elevation, basal regions (0–400 m)
are the most favorable. The species has severe limitations to growth above 800 m, due to wind and
snow and has increased susceptibility to pests and diseases [40]. The species does not support well
intense and prolonged colds and snow. As a pioneer species, it grows well in poor soil with light
textures, preferably siliceous [39].
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Eucalypts’ present-day distribution in Portugal (Figure 1b) includes areas of precipitation between
the 700–2000 mm and mild winter due to its sensitivity to frost, in the north-coastal and central-coastal
regions (Figure 1b) [38]. The species thrives in soil with a certain amount of humidity, well-drained,
and without active limestone [7]. Data on eucalypts species naturalization in Portugal, showed that
E. globulus is able to naturally regenerate from seeds both inside and outside plantations, corroborating
that precipitation and distance to the sea (used as a surrogate of thermal amplitude) are key factors
for the abundance of this species wildlings [9]. But topography, frost occurrence, and soil type also
play a significant role [9]. Indeed, Catry et al. [9] observed that wildlings abundance, measured as
the plant density through the number of plants per hectare, peaked at around 1500 mm of annual
precipitation and it decreased with both low and high precipitation, reaching the lowest values below
800 mm and above 2400 mm. Higher plant density was also found in areas with milder temperatures,
namely closer to the sea (with lower thermal amplitude) and with a lower number of days with frost.
Plant density also seemed to be favoured in areas with intermediate elevation, higher slope and with
certain soil types (namely, Cambisols and Podzols) [9]. These results are consistent to the previous
knowledge for the species [38] and allow to understand what climate and site conditions this species
natural regeneration prefers. Thus, helping to define the environmental variables range for the species
site suitability. It should be noted that wildlings abundance is not a site productivity indicator and will
be treated further in Section 2.2.3.
The species ecological envelopes for maritime pine and eucalypts [26], based on the species
distribution information obtained in the literature [27], are defined by the following five variables:
(i) temperature range (T max Aug–T min Jan); (ii) temperature limits (T max Aug and/or T min Jan);
(iii) precipitation (P, i.e., BIO12); (iv) elevation (E); and (v) lithology. The variable thresholds (Table 3)
ensure that more than 75% of the species forest inventory plots (IFN4), as a dominant species, are inside
of the envelope. The maps of the input variables are reclassified by the Boolean method (0—Not
suitable, 1—Suitable). The species ecological envelopes maps are obtained by map algebra, by summing
the species variable maps produced earlier, resulting in five suitability classes classification as follows:
(5) Excellent, (4) Good, (3) Regular, (2) Marginal, and (1) Unsuitable [25].











Maritime pine T max Aug–Tmin Jan < 26 T max Aug < 29.9 P > 850 E < 800 different of Limestone
Eucalypts T max Aug–Tmin Jan < 26
T max Aug <31
T min Jan > 2 P > 600 E < 500
different of Limestone and
Wind alluvial sands
Legend: T max Aug—Maximum temperature in August (◦C); T min Jan—Minimum temperature in January (◦C);
P—Annual precipitation (mm; BIO12); E—elevation (m).
In this study, the above-referenced methodology was used to produce the species ecological
envelopes by using both the present climate data for 1960–1990 (Table 3 and Figure 3) and 1970–2000.
The resulting envelopes were then applied using the predicted future climate data for 2050 and 2070
under the two RCPs scenarios (RCP 4.5—Meeting the Kyoto goal; and RCP 8.5—Not meeting the
Kyoto goal). Afterwards, the ecological envelope classes area for both species in Portugal was extracted
to analyze the country species potentiality in the present (1960–1990 and 1970–2000) and in future
scenarios (2050 and 2070, both under RCP4.5 and RCP 8.5 scenarios).
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The species presence was searched in every COS class where the species is mentioned. These data
(Table A1 in Appendix A) were used in a machine learning approach to gauge variable influence in
these two-species distributions (Figure 4).
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2.2.3. Species Productivity Maps
In Portugal, the annual average maritime pine productivity (for fully mature trees of 35–45 years old)
is about 5–10 m3ha−1y−1 of timber in the north of the Tagus river, and lowers, in general, to 4 m3ha−1y−1
in the south of the Tagus river. Much lower productivities of 0.7–3.4 m3ha−1y−1, are found in
poor-quality areas, such as plots in coastal dunes [41]. In the coastal center regions maritime pine
achieves the highest productivities (e.g., mean annual increment higher than 13.3 m3ha−1y−1, at the age
of 30 years old), followed by the northern and central montane and submontane regions (e.g., around
10.3 m3ha−1y−1) [42].
Eucalypts have higher productivities in the Atlantic seaboard (e.g., higher than 15 m3ha−1y−1)
followed by the Tagus valley region (e.g., between 10 and 15 m3ha−1y−1; mean annual increment at the
age of nine years old of eucalypts plantations without genetic improvement). In low productivity regions
for this species, such as the inland of the country, productivities can be lower than 10 m3ha−1y−1 [43].
To assess the two-species productivities, the most widely accepted site productivity indicator,
the site index, as used [44]. As forest site productivity is very dependent on both environmental and
biotic factors present at the site where the forest species is present [44], the most recent prediction models
including environmental parameters, for each species site index evaluation, were selected [45–47].
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The site index assessment for the NFI4 maritime pine plots was performed using the
empirical model developed by Nunes et al. [45], a multiple asymptotes polymorphic equation
from Cieszewski [48], modified to include parameters related to climate and soil characteristics (P or
BIO12, T or BIO1, WINTER or BIO6, and ST1, ST2, ST3; Tables 4 and 5). The parameters were obtained
from the climate data set from the WorldClim (1960–1990), the elevation data from STRM (Shuttle
Radar Topography Mission), and the soil data from the ESDBv2 Raster Library (Table 1).
Table 4. Site index models for the species maritime pine [45] and eucalypts [46,47].
Species Site Index Model
Maritime pine

















c = 0.5394− 0.0918 ST1 − 0.1767(ST2 + ST3)
where
hdom—Dominant height (m); t—Stand age (y);
P—Annual precipitation (mm; BIO12); T—Annual
mean temperature (◦C; BIO1); WINTER—Type of
winter in a scale from 1 to 5 (1—warm (<7 ◦C);
2—temperate (3–7 ◦C); 3—fresh (0–3 ◦C); 4—cold
(−3–0 ◦C); 5—very cold (<−3 ◦C; BIO6); ST1, ST2,
ST3—Dummy variables for humic cambisols, rankers
and calcic cambisols, respectively.
Eucalypts
SI10—Dominant height at the reference age of 10 years






pd—number of precipitation days per year with
values greater than 0.1 mm; hdom—dominant height
(m); t—stand age (y).
Table 5. Reference productivity classes [42,44–46].
Class Productivity Maritime Pine SI50 (m) Eucalypts SI10 (m)
1 High ≥24 ≥23
2 Medium-High 20–24 20–23
3 Medium 16–20 17–20
4 Low-Medium 12–16 14–17
5 Low <12 <14
Legend: SI50—hdom (m) at the age of 50 years; SI10—hdom (m) at the age of 10 years.
The site index assessment for the NFI4 eucalypts plots was performed using the empirical
model developed by Tomé et al. [46,47] that includes one parameter related to climate (pd—Number
of precipitation days per year; Tables 4 and 5). Regarding the climate parameter pd (Table 4) the
observations from Portuguese meteorological stations in three temporal 30-year series (1931–1960,
1951–1980 and 1971–2000) were used [49–54]. After, the pd climatic parameter was interpolated using
the Inverse Distance Weighted (IDW) algorithm. The allocated weight was the local correspondent
elevation (E) of the species NFI4 plots.
Afterwards, to obtain the species productivities maps (Maritime pine site index—SI50;
and Eucalypts site index—SI10), the data spatial characterization was performed through a
2-step approach.
Firstly, the structural analysis through variography, omnidirectional experimental variograms
were computed and the best fitted theoretical models adjusted [55]. For computation, SpaceStat V.
4.0e0.18. software [56] was used.
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The variogram is a vector function used to compute the spatial variability of regionalized variables






[Z(xi −Z(xi + h)]
2 (1)
Its argument is h (distance) where Z (xi) and Z (xi + h) are the numerical values of the observed
variable at points xi, and xi + h. The number of forming pairs for h distance is N (h). Thus, it is the
average value of the square of the differences between all pairs of points in the geometric field spaced at
h distance. The graphic study of the variograms obtained provides an overview of the spatial structure
of the variable. The nugget effect (C0) shows the behavior at the origin, whereas the sill (C1) and the
amplitude (a) define the variance used in the subsequent interpolation steps and the spatial influence
of the variable, respectively.
Secondly, a Sequential Gaussian Simulation (SGS) was used as a stochastic approach used to
map the two-species productivities’ spatial distribution, through the construction of 100 scenarios.
SGS starts by defining the univariate distribution of values followed by a normal score transform of
the original values to a standard Gaussian distribution. Simulation of the obtained normal scores
at grid node locations is done sequentially with simple kriging (SK) using the normal score data
and a zero mean [57]. Once all normal scores have been simulated, they are back-transformed to
original grade values. The result of a simulation process is a twisted version of an estimation process,
which reproduces the statistics of the known data, making a realistic view, but supplying a low
prediction behavior. Nevertheless, if multiple sequences of simulations are designed, it is possible
to obtain more reliable probabilistic maps. The average image was computed, together with the
associated standard deviation for the spatial uncertainty visualization [58].
Finally, the resulting productivity mean images (MI) and the spatial uncertainty representation,
through standard deviation (SU), with a 2.45 km × 2.45 km resolution, were reclassified in five
productivity classes using the statistical criteria of Jenks natural breaks [59].
Afterwards, for each maritime pine and eucalypts NFI4 plots (1990–1994), the simulated site
indices (SI50 and SI10, respectively) and the correspondent climatic (1960–1990), topographic and soil
variables were extracted (Table 1). These data (Table A1) were used in a machine learning approach to
gauge variable influence in these two-species productivities (Figure 4).
2.2.4. Variables Influence Analysis in Species Distribution and Productivity
Bayesian networks have become extremely popular for gaining deep insight into manifold problem
domains [60]. Their inherently graphical structure built upon machine learning algorithms based
on the Bayesian Network formalism leads to robust models optimal for exploring and explaining
complex problems. In this study, four supervised Bayesian networks machine-learned from the
data (i.e., presence—Pb95 and Ec95 and productivity—SI50 and SI10) were created to assess the
most influential variables conditioning maritime pine and eucalypts distribution and productivity.
To measure the variable influence regarding the target node (X) of each network, first, the relative






where MI(X, Y) is the mutual information [61] in absolute terms and H(X) the entropy associated with
the probability distribution of X. The entropy of a variable can also be understood as the sum of the
expected log-losses of its states. Both metrics are expressed in bits and can be calculated as follows
MI(X, Y) = H(X) −H(X|Y) (3)





where H (X|Y) is the conditioned entropy associated with the probability of X given Y (how likely is X
if you learn Y) and p(x) is the probability of x.
From the RMI analysis, a ranking was obtained regarding the significance of each variable to the
knowledge of the target node. However, due to the high dispersion, the large number of variables might
be introduced in the model, a second measurement was conducted with the most influential variables
identified by the RMI analysis. The Bayesian models were machine-learned again in a simplified
scheme and a contribution analysis was computed, showing the contribution of each variable towards
the predicted mean of the target variable (i.e., presence—Pb95 and Ec95 and productivity—SI50 and
SI10). The contribution of each variable is estimated using counterfactuals based on a specific neutral
state that represents the neutral condition of the system. For modeling and graphical representation,
the Artificial Intelligence software BayesiaLab 9 [62] was used.
The Bayesian machine learning analysis for the data (i.e., presence—Pb95 and Ec95 and
productivity—SI50 and SI10) was carried out with the Augmented Naïve Bayes algorithm.
The architecture of this algorithm is rooted in a naive architecture (the target node is the parent
of all the other nodes), enhanced by the relations of the child nodes [63]. Cross-validation was used
to estimate the prediction accuracy of the supervised machine learning models created. The relative
significance (RS), as the ratio between the mutual information brought by each variable and the
maximum mutual information, which corresponds with the most informative variable, was used to
interpret these results. Due to the informative dispersion by the large number of variables introduced
in the model, a closer look into the variables with the highest RS was done, which were taken to a
second step to build a simplified Bayesian network (RS > 70% and RMI sum > 80%)
In the end, the open-source software WEKA [64] was used to fit Machine Learning (ML) regression
tree models by the algorithm Random Forest [65,66] to compare the quality of ecological envelopes
variables as regressors to the ones selected by the Bayesian network analysis.
3. Results
3.1. Species Ecological Envelopes under the Climate Scenarios
The ecological envelope maps analysis for both species in Portugal (Figure 5a,d) indicates that,
in the present (1960–1990), the country’s area potentiality for maritime pine is distributed as follows:
34% excellent, 42% good, and 22% regular. For eucalypts, the country’s area potentiality is distributed
where 31% is excellent, 36% is good, and 28% is regular. Therefore, in Portugal, there is a high potential
for both species’ afforestation (an area over 95%).
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Likewise, when analyzing the ecological envelop map i the present, but now with the climate
data sets from 1970 to 2000, little change was observed and the high potentiality for both species’
fforestation maintain .
Ecological velope maps project d for future scenarios in 2050 (Figur 5b—RCP4.5;
Figu 5c—RCP8.5; Figure 5d), showed a decrease in the country’s area potentiality (excellent,
good, and regular areas) for both species. Maritime pine pot tial area is exp ct d to decrease to
63–54%, respectively, in t RCP4.5 scenario and the RCP8.5 scenario. Howev r, for eucalypts the
d cr ase will not be so severe, ranging to 73–62%, respectively, in e ch scenario.
The ecological envelope maps for the projected future scenarios in 2070 are very similar to the
ones in 2050. However, the maritime pine potential area is expected to decrease further to 59–51%,
respectiv ly, in the RCP4.5 scenario and RCP8.5. Similarly, for eucalypts, the decrease is expected to be
68–59%, respectively, in each scenario (Figure A1).
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3.2. Species Forests Cover Distributions Maps
Comparing the ecological envelope classes (Figure 5a) over the present species distributions in
1995 (COS1995; Figure 1) it was verified that 99% of maritime pine forest and eucalypts forest were
found inside excellent, good and regular ecological envelope classes (Figure 6a). In fact, 62% of the
maritime pine forest is inside the excellent class (Figure 6a) compared to 52% of the eucalypts forest
(Figure 6a).
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Figure 6. (a) Species distributions in 1 95 (COS1 95) by ecological envelope class; (b) Species forest
cover change (COS1 95-COS2015).
Moreover, accor i g to t e kno n land cover trend between these two species, the maritime pine
forest has experienced a reduction between 1995 and 2015 which was mostly replaced by eucalypts
new afforestation (Figure 6b).
Little change was observed for the ecological envelope maps in the present, obtained using the
climate data sets from 1970 to 2000 instead (Figure 7a).
In 2050 f t re scenarios (Figure 5b,c), the maritime pine forest area (Figure 1a) will lose potentiality
by decreasing from 99% to 84–72%, respectively, in each scenario (Figure 7b–d). Nevertheless, for the
eucalypts forest area (Figure 1b) the potentiality loss will be lesser than for maritime pine, decreasing
only to 91–85%, respectively, in each scenario (Figure 7b–d). Indeed, maritime pine forest in excellent
areas class will experience a great loss in potentiality, from 62% to 19–11%, respectively, in each
scenario (Figure 5b–d). Conversely, the e calypts forest showed a m ch lesser decrease, from 52% to
32–22%, respectively, in each scenario (Figure 5b–d). T e loss of maritime pine forest area potential is
more s vere in the north inland of th country (three-class dropdown) followed by the central north
(two-class drop drown; Figure 7b–d). However, the loss of th eucalypts’ forest area potential will
occur in the inland (three-class drop drown) followed by the center (two-class dropdown; Figure 7b–d).
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Once more, the projected future scenarios in 2070 are very similar to the ones in 2050. However,
the maritime pine forest area (Figure 1a) will continue to lose potentiality by decreasing to 78–65%,
respectively, in each scenario (Figure A2). Again, the eucalypts forest area (Figure 1b) potentiality
loss will be lesser than for maritime pine, decreasing only to 89–82%, respectively, in each scenario
(Figure A2). Maritime pine forest in excellent areas class is expected to lose potentiality to 15–6%,
respectively, in each scenario (Figure A1). Eucalypts forest will continue showing a much lesser
decrease to 28–13%, respectively, in each scenario (Figure A1).
The same analysis was performed regarding the species distributions in 2015 (COS 2015; Figure 1)
but only a small percentage variation (ranging ±3%) was observed.
3.3. Current Climate Species Productivities Maps
The two-species current productivities maps (Figure 8), obtained from the National Forest
Inventory data in 1990–1994 (NFI4), show high productivity areas for maritime pine (SI50 > 21.15 m)
mainly in the west-northern and the center of the country (Figure 8a), and for eucalypts (SI10 > 21.27 m)
mainly in a western strip in the center and north of the country (Figure 8b). Inland regions are associated
with high spatial uncertainty, while coast regions are associated with low spatial uncertainty, as expected
due to those species’ present distributions (Figure 1). The productivity classes, obtained by using
the statistical criteria of Jenks natural breaks, are less restrictive than the ones found in the literature
(Table 5). The species highest productivities were found overlapping areas from regular to excellent
ecological envelope classes, namely, 68% for maritime pine and 56% for eucalypts (Figures 6 and 8).
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3.4. Variables Influence Analysis in Current Species Distribution and Productivity
The Bayesian machine learning analysis was performed for the two-species current distributions
(Pb95 and Ec95) and productivities (SI50 and SI10). The cross-validation indicated that Bayesian models
for species presence showed a higher quality of the problem representation than those for productivity.
The contingency table fit (CTF) values for Pb95 and Ec95 (above 85%) indicate that the joint probability
distribution by the created networks is good. In turn, the CTF values for SI50 and SI10 are slightly
lower, ranging from 70% to 80%. This circumstance can be appreciated when comparing the RMI
for the species presence and productivity (Table A2). The most contributive variables (RS > 70% and
RMI sum > 80%) were represented in four simplified Bayesian networks (Figure 9).
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Figure 9. Bayesian networks analysis—Variable contribution to the target node (%): (a) Maritime pine
presence in 1995 (Pb95); ( ) Maritime pine product ity in 1990–1994 (SI50); (c) Eucalypts presence in
1995 (Ec95); (d) Eucalypts productivity in 1990–1994 (SI10).
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Hence, for maritime pine presence (Pb95), it was observed that precipitation-related had greater
contributions (BIO16 > BIO17 > BIO19 > BIO13 > BIO18 > BIO12; Figure 9a). However, for maritime
pine productivity (SI50) it was found that the elevation and temperature-related variables had greater
contributions (BIO8 > E > BIO11 > BIO4 > BIO6 > BIO3; Figure 9b).
For eucalypts’ presence (Ec95), it was observed that temperature-related variables had greater
contributions (BIO8 > BIO4 > BIO11 > T min > BIO7 > BIO1; Figure 9c). Likewise, for eucalypts’
productivity (SI10), it was found that temperature-related variables had greater contributions
(BIO4 > BIO5 > BIO9 > BIO10; Figure 9d).
Finally, the fitting efficiency (e.g., pseudo-coefficient of determination R2), of the ML regression
models obtained by the Random Forest algorithm, using as regressors the ecological envelopes variables
in comparison to the variables selected by the Bayesian network analysis were very similar. For maritime
pine presence (Pb95) models, the fitting efficiency was 69% and 66%, respectively. For maritime pine
productivity (SI50) models, the fitting efficiency was 14% and 17%, respectively. For eucalypts’ presence
(Ec95) models, the fitting efficiency was 72% and 63%, respectively. For eucalypts’ productivity (SI10)
models, the fitting efficiency was 34% in both cases. These results prove how robust the ecological
envelopes variables are in defining species potential areas (Table 6).
Comparing the ecological envelopes variables summary data (Table 6), regarding species
distribution (COS 1995) and species productivity (1990–1994 plots), with the thresholds for the
two-species ecological envelopes (Table 3), consistency was observed in those values.
Table 6. Summary data for species distribution and productivity: (a) Maritime pine presence in COS
1995 (Pb95 > 0); (b) Maritime pine productivity in 1990–1994 plots (SI50); c) Eucalypts presence in COS
1995 (Ec95 > 0); (d) Eucalypts productivity in 1990–1994 plots (SI10).
Variable Units Min. Max. Mean Std. Dev. Min. Max. Mean Std. dev.
Maritime pine—Pb95 > 0 (n = 23,752) Maritime pine—SI50 (n = 740)
BIO5 ◦C 21.8 32.7 27.5 2.2 22.1 31.9 27.3 2.1
T max Aug ◦C 21.8 32.7 27.5 2.2 20.9 28.9 24.8 1.4
BIO6 ◦C −1.4 9.0 5.4 1.7 −1.1 8.3 4.8 1.9
T min Jan ◦C −2.4 9.3 3.4 2.0 −2.6 8.4 3.0 2.0
BIO7 ◦C 13.3 28.2 22.1 2.9 14.1 27.9 22.5 2.9
T max Aug–T min Jan ◦C 14.1 31.0 24.1 3.2 13.6 27.4 21.8 2.4
BIO12 mm 468.0 1587.0 968.3 221.3 483.0 1593.0 1015.2 211.7
E m 0.0 1192.0 264.9 200.7 0.0 1275.0 329.1 248.7
WRBFU 2.0 129.0 82.8 37.2 27.0 124.0 83.8 38.1
Eucalypts—Ec95 > 0 (n = 34,730) Eucalypts—SI10 (n = 614)
BIO5 ◦C 21.6 33.9 27.9 2.4 22.4 32.7 27.6 2.4
T max Aug ◦C 21.6 33.5 27.9 2.4 20.8 29.9 25.5 1.7
BIO6 ◦C −1.4 9.1 5.7 1.6 1.4 8.4 5.6 1.5
T min Jan ◦C −2.4 9.4 3.5 1.6 0.3 7.7 3.6 1.4
BIO7 ◦C 12.9 29.1 22.3 2.8 14.4 27.8 22.0 2.7
T max Aug–Tmin Jan ◦C 13.0 33.0 24.4 3.3 14.7 28.0 21.9 2.3
BIO12 mm 468.0 1594.0 900.3 248.2 503.0 1542.0 937.1 246.8
E m 0.0 1192.0 245.4 184.7 8.0 752.0 231.2 155.3
WRBFU 2.0 129.0 82.9 36.3 27.0 127.0 85.3 36.1
Legend: Pb95—Maritime pine presence in 1995 (pixel percentage coverage); Ec95—Eucalypts presence in 1995 (pixel
percentage coverage); SI50—hdom (m) at the age of 50 years; SI10—hdom (m) at the age of 10 years; BIO5—Maximum
temperature of the warmest month (◦C); BIO6—Minimum temperature of the coldest month (◦C); BIO7—Temperature
annual range (◦C); BIO12—Annual precipitation (mm); E—Elevation (m); WRBFU—soil codes; n—sample size;
Min.—minimum; Max.—maximum; Std. dev.—standard deviation.
4. Discussion
The results obtained in this study revealed that: (1) the species ecological envelopes indicate that
the country has presently a high potential for both species afforestation (over 95%); future climate
scenarios forecasted for both species a loss of country’s area potentiality, intensified from best to
worst scenario (RCP4.5 and RCP8.5), respectively: maritime pine (98%) decreasing to 63–59% in 2050
Forests 2020, 11, 880 19 of 27
and to 54–51% in 2070 while eucalypts (95%) decreasing to 73–68% in 2050 and to 62–59% in 2070;
(2) it was verified that 99% of maritime pine forest and eucalypts forest in 1995 were found inside
excellent, good and regular ecological envelope classes, noting that 62% of maritime pine forest is
inside the excellent class compared to the 52% of eucalypts forest; (3) the productivity maps showed
that the highest productivity areas were found overlapping areas from regular to excellent ecological
envelope classes, namely, 68% for maritime pine and 56% for eucalypts; and (4) the Bayesian network
analysis highlighted the most effective variables explaining better the two-species presence in 1995 and
their productivities. However, when comparing these selected variables and the ecological envelopes
variables as regressors in ML regression tree models the fitting efficiency was very similar proving how
robust the ecological envelopes methodology is. The variable thresholds used in species ecological
envelopes mapping were consistent with the ones obtained in species distributions (COS1995) and
species productivity (1990–1994 plots).
So, despite Portugal having currently a high potential for maritime pine and eucalypts afforestation
(over 95%), it is expected that within the next 45–65 years, excellent areas for these species will be
limited to a coastal strip in the north of the country, though wider for eucalypts. Moreover, it is
expected that present excellent areas will change its potentiality, becoming in the future only good and
regular areas for the species. Hence, marginal areas for the species will increase mainly in the inland of
the country: maritime pine, from 0.2% to 19–25% and 31–36%, and eucalypts, from 1% to 9–11% and
14–16%, respectively in both scenarios (RCP4.5 and RCP8.5).
Additionally, it is worthwhile noting, when comparing the species present distribution in 1995
with the species ecological envelopes classes, that maritime pine forest was inside the excellent class,
while eucalypts new afforestation has been made inside marginal classes for this species. This trend
had already been observed in the central inland region of Portugal [67]. This study has also foreseen
that this trend will be aggravated in future climate scenarios. Therefore, recommendations on species
afforestation potential areas will be key to set back this trend. Additionally, it is important to study the
impact of climate change in other Mediterranean species to be used alternatively in future afforestation.
Other studies have reported the decrease of maritime pine and eucalypts potential distribution
areas in climate change scenarios, particularly in the south of the Tagus river and in the inland [2–4,18].
Overall, it suggested a future trend of species migration from south to north and from the interior to
the coastal areas. The eucalypts and maritime pine forests productivity in the northern region may
increase in future global change scenarios, mainly in sites closer to the sea and with good quality soils.
In the central region, a decrease in those species’ productivity will be expected, while in the southern
region it is where these two species are expected to be most affected and possibly becoming residual
species [2–4,19].
The species ecological envelope maps and the productivity maps produced in this study are two
approaches to obtain species productive potential. In this study, those maps were produced considering
the entire country and with a higher resolution than the ones from previous studies [4,19,22,41], as more
input data were used.
Finally, the machine learning approach proved to be a powerful tool to assess the most
influential climatic, topographic, and soil variables explaining the two-species distributions and
productivities. The results from this study were consistent with previous knowledge about the
species [7,34] and with other authors’ studies [17–19]. Indeed, it was found that the distribution of
maritime pine was mainly determined by precipitation-related variables (Figures 1a and 3d), but the
elevation and temperature-related variables were very important to differentiate species productivity
(Figures 3a,c and 8a). For eucalypts, it was found that this species distribution was mainly explained
by temperature-related variables, as well as the species productivity (Figures 1b and 2a,b).
In the light of these findings, it is now understandable why future maritime pine area is forecasted
to have a higher decrease in comparison to the eucalypts area. The decreasing precipitation will
constrain maritime pine excellent areas to a coastal strip in the north of the country. On the other hand,
the increasing temperature will constrain eucalypts excellent areas also to a coastal strip in the north
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of the country, although wider than for maritime pine, because this temperature increase will allow
the species to spread to regions that will become less cold in the future. Although, this temperature
increase will also have an opposite effect by turning drier in some regions and constraining this species’
distribution area. Additionally, it is important to study the impact of climate change scenarios in other
Mediterranean species that may alternatively be used in future afforestation in these areas.
Finally, further investigation is already being undertaken on fitting statistical ML models for the
species distribution (SDM) and productivity (SPM) under climate change scenarios to evaluate the
statistical precision and agreement of the maps produced in this study (i.e., the ecological envelopes
maps and the productivity maps) to the ones obtained by ML modeling.
5. Conclusions
In this study, the species spatial distribution and productivity maps were obtained for the two main
Portuguese wood-production species (maritime pine and eucalypts) for the entire country and with
higher resolution than others from previous studies. The species ecological envelope methodology was
found to be robust and allowed mapping species potential areas in the present and future projections
under climate change scenarios. The machine learning approach allowed understanding the most
influential environmental variables that may explain current species distribution and productivity.
The distribution of maritime pine was found to be mainly determined by precipitation-related variables,
but the elevation and temperature-related variables were very important to differentiate species
productivity. For eucalypts, it was found that this species distribution was mainly explained by
temperature-related variables, as well as the species productivity.
Understanding which environmental variables will have a higher impact on this two-species
distribution and productivity, are key to support recommendations for future afforestation and will
bring information for policy design under climate change scenarios. Yet, ecological systems are
complex, and many other variables may influence species distribution and productivity. Therefore,
further investigation is needed on modeling current and future suitable habitat and productivity by
enlarging both the study area and the set of variables studied (for instance, including SoilGrids250m
data) to refine species ecological behavior.
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Appendix A
Table A1. Summary statistics: Species presence in COS 1995 (maritime pine—Pb95; and
eucalypts—Ec95); species productivity in 1990–1994 plots (maritime pine—SI50; and eucalypts—SI10)
and the correspondent climatic (1960–1990), topographic and soil variables.







Pb95 % 0.0 100.0 6.6 16.5
Ec95 % 0.0 100.0 9.6 20.0
SI50 m 5.8 48.6 18.4 4.4
SI10 m 4.7 37.4 19.1 4.0
T max ◦C 9.9 22.8 19.7 1.9 4.5 13.1 9.9 1.5 16.1 22.2 19.7 1.2
T min ◦C 2.7 13.2 10.2 1.9 13.0 21.9 19.0 1.4 7.4 12.8 10.5 1.2
BIO1 ◦C 6.3 17.6 15.0 1.8 9.5 17.5 14.5 1.4 11.8 17.1 15.1 1.1
BIO2 ◦C 5.2 11.7 9.5 1.0 5.8 11.0 9.1 0.9 6.0 11.2 9.1 0.9
BIO3 % 31.0 51.0 40.0 2.4 31.0 46.0 40.4 2.7 35.0 45.0 41.1 2.2
BIO4 % 26.0 61.2 48.6 7.2 29.8 60.6 44.7 0.7 29.5 60.5 46.2 0.7
Forests 2020, 11, 880 21 of 27
Table A1. Cont.
Variable Units Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev. Min. Max. Mean Std. Dev.
BIO5 ◦C 19.7 34.0 28.6 2.5 22.1 31.9 27.3 2.1 22.4 32.7 27.6 2.4
T max Aug ◦C 19.7 33.7 28.6 2.5 20.9 28.9 24.8 1.4 20.8 29.9 25.5 1.7
BIO6 ◦C −2.8 9.2 5.0 2.3 −1.1 8.3 4.8 1.9 1.4 8.4 5.6 1.5
T min Jan ◦C −4.6 10.0 2.8 2.0 −2.6 8.4 3.0 2.0 0.3 7.7 3.6 1.4
BIO7 ◦C 12.2 29.3 23.6 2.9 14.1 27.9 22.5 2.9 14.4 27.8 22.0 2.7
BIO8 ◦C 0.5 13.7 9.5 2.5 3.4 13.1 9.1 2.1 5.4 13.1 10.1 1.5
BIO9 ◦C 13.6 24.9 21.2 1.7 16.8 23.8 20.4 1.3 17.4 24.4 20.8 1.5
BIO10 ◦C 13.6 25.0 21.4 1.8 16.8 23.8 20.6 1.4 17.6 24.5 21.0 1.6
BIO11 ◦C 0.5 13.0 9.0 2.3 2.8 12.3 8.8 1.9 5.4 12.2 9.6 1.4
BIO12 mm 463.0 1792.0 840.7 269.9 483.0 1593.0 1015.2 211.7 503.0 1542.0 937.1 246.8
BIO13 mm 64.0 272.0 121.5 38.5 76.0 248.0 146.7 30.0 75.0 240.0 134.0 32.4
BIO14 mm 0.0 37.0 8.0 5.8 1.0 30.0 10.6 4.4 1.0 28.0 9.2 5.1
BIO15 % 39.0 72.0 56.4 5.4 43.0 71.0 54.8 3.5 48.0 70.0 55.7 4.5
BIO16 mm 180.0 719.0 345.4 102.6 220.0 657.0 413.0 79.9 220.0 619.0 383.5 91.4
BIO17 mm 13.0 157.0 51.7 25.5 14.0 132.0 65.2 19.5 16.0 123.0 58.1 23.0
BIO18 mm 15.0 161.0 54.8 27.6 17.0 143.0 70.2 22.6 18.0 137.0 64.1 27.8
BIO19 mm 168.0 719.0 341.0 104.3 202.0 657.0 409.5 81.3 207.0 619.0 378.3 91.9
E m 0.0 1921.0 321.0 262.6 0.0 1275.0 329.1 248.7 8.0 752.0 231.2 155.3
S % 0.0 25.4 2.8 3.0 0.1 20.2 3.6 3.4 0.0 17.4 2.9 2.5
A ◦ 0.0 360.0 188.7 103.4 0.0 360.0 197.7 97.9 0.0 359.7 198.4 99.7
WRBFU 2.0 130.0 86.2 33.8 27.0 124.0 83.8 38.1 27.0 127.0 85.3 36.1
Legend: Pb95—Maritime pine presence in 1995 (pixel percentage coverage); Ec95—Eucalypts presence in 1995 (pixel
percentage coverage); SI50—hdom (m) at the age of 50 years; SI10—hdom (m) at the age of 10 years; T max—monthly
average maximum temperature (◦C); T min—monthly average minimum temperature (◦C); BIO1—Annual mean
temperature (◦C); BIO2—Mean diurnal range (◦C); BIO3—Isothermality (%); BIO4—Temperature seasonality
(%); BIO5—Maximum temperature of the warmest month (◦C); T max Aug—Maximum temperature in
August (◦C); BIO6—Minimum temperature of the coldest month (◦C); T min Jan—Minimum temperature
in January; BIO7—Temperature annual range (◦C); BIO8—Mean temperature of the wettest quarter (◦C);
BIO9—Mean temperature of the driest quarter (◦C); BIO10—Mean temperature of the warmest quarter (◦C);
BIO11—Mean temperature of the coldest quarter (◦C); BIO12—Annual precipitation (mm); BIO13—Precipitation of
the wettest month (mm); BIO14—Precipitation of the driest month (mm); BIO15—Precipitation seasonality
(%); BIO16—Precipitation of the wettest quarter (mm); BIO17—Precipitation of the driest quarter (mm);
BIO18—Precipitation of the warmest quarter (mm); BIO19—Precipitation of the coldest quarter (mm); E—Elevation
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Table A2. Bayesian networks—Relative Mutual Information (RMI) and Relative Significance (RS):
species presence (maritime pine—Pb95; and eucalypts—Ec95); species productivity (maritime
pine—SI50; and eucalypts—SI10) and the correspondent climatic (1960-1990), topographic and soil
variables (most contributive variables highlighted in bold—RS > 70% and RMI sum > 80%).
Variable
Pb95 Ec95 SI50 SI10
RMI (%) RS (%) RMI (%) RS (%) RMI (%) RS (%) RMI (%) RS (%)
T max 5.95 57.61 3.91 62.16 0.95 44.09 2.14 60.02
T min 6.60 63.83 5.54 88.01 1.43 66.24 1.54 43.26
BIO1 6.02 58.24 4.60 73.06 1.44 66.36 2.12 59.30
BIO2 3.75 36.27 3.73 59.31 0.81 37.15 0.85 23.94
BIO3 1.94 19.18 3.86 61.38 1.63 75.38 1.67 46.75
BIO4 2.97 28.74 5.32 84.45 1.62 74.88 3.07 85.79
BIO5 3.42 33.15 2.60 41.35 1.09 50.38 3.58 100.00
BIO6 2.54 24.58 0.53 8.41 1.77 81.97 0.63 17.61
BIO7 3.19 30.88 5.38 85.45 1.36 62.99 2.27 63.63
BIO8 5.88 59.88 6.30 100.00 2.16 100.00 0.58 16.22
BIO9 3.80 36.79 2.32 36.83 0.72 41.50 2.98 83.37
BIO10 4.41 42.66 2.28 36.25 0.71 33.16 3.02 84.50
BIO11 5.57 53.89 5.50 87.35 1.96 90.52 1.01 28.03
BIO12 10.27 99.40 2.64 41.99 0.59 27.52 1.59 44.62
BIO13 9.91 95.89 4.15 65.99 1.14 52.71 1.35 37.92
BIO14 5.91 57.22 0.97 15.46 0.33 15.45 1.26 35.36
BIO15 5.78 55.54 2.40 38.24 0.96 44.76 1.34 37.87
BIO16 10.21 98.73 3.08 48.99 0.55 25.69 1.65 46.29
BIO17 8.32 80.45 1.77 28.18 0.72 32.90 1.02 28.51
BIO18 8.80 85.12 1.19 18.95 0.81 37.45 1.09 30.70
BIO19 10.34 100.00 3.12 49.57 0.87 26.33 1.60 44.44
Elevation 1.99 19.27 2.91 46.31 1.95 90.34 0.56 15.64
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Variable
Pb95 Ec95 SI50 SI10
RMI (%) RS (%) RMI (%) RS (%) RMI (%) RS (%) RMI (%) RS (%)
Slope 0.92 8.99 0.40 6.36 1.25 58.07 0.25 7.23
Aspect 0.11 1.12 0.10 1.60 0.34 15.88 0.46 13.11
WRBFU 1.02 9.95 0.60 9.64 1.15 53.45 1.55 43.48
Legend Pb95—Maritime pine presence in 1995 (pixel percentage coverage); Ec95—Eucalypts presence in 1995 (pixel
percentage coverage); SI50—hdom (m) at the age of 50 years; SI10—hdom (m) at the age of 10 years; T max—monthly
average maximum temperature (◦C); T min—monthly average minimum temperature (◦C); BIO1—Annual mean
temperature (◦C); BIO2—Mean diurnal range (◦C); BIO3—Isothermality (%); BIO4—Temperature seasonality
(%); BIO5—Maximum temperature of the warmest month (◦C); BIO6—Minimum temperature of the coldest
month (◦C); BIO7—Temperature annual range (◦C); BIO8—Mean temperature of the wettest quarter (◦C);
BIO9—Mean temperature of the driest quarter (◦C); BIO10—Mean temperature of the warmest quarter (◦C);
BIO11—Mean temperature of the coldest quarter (◦C); BIO12—Annual precipitation (mm); BIO13—Precipitation of
the wettest month (mm); BIO14—Precipitation of the driest month (mm); BIO15—Precipitation seasonality
(%); BIO16—Precipitation of the wettest quarter (mm); BIO17—Precipitation of the driest quarter (mm);
BIO18—Precipitation of the warmest quarter (mm); BIO19—Precipitation of the coldest quarter (mm); E—Elevation
(m); S—Slope (%); A—Aspect (◦); WRBFU—soil codes.
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